With increase in differentiation and decreasing batch size of products, feeding the assembly line at regular intervals is considered to be a critical problem in today's manufacturing sector. Yet no clear solution has been developed for this problem; therefore, the main focus of this research is to discuss the different aspects of line feeding, the latest trend in literature, and to propose an innovative method to support solving the problem. A discrete event simulation model is developed and a mathematical model based on particle swarm optimization is used to support the simulation. The hybrid model is finally applied to practical situations. Results show how different settings of kanban influence the performance of the assembly line feeding system. The biggest novelty item is certainly the recognition of the trade-off between kanban size and number of kanban and the importance of investigating its behaviour during the design of the system.
Introduction
In recent years, an increase in the differentiation and decrease of batch size of final products has led to the diffusion of mixed-model assembly lines, in particular in certain sectors, such as automotive and white goods. In these scenarios the problem of feeding the line becomes especially complex. In addition, several companies nowadays are moving towards a line production configuration thanks to the increased flexibility of Industry 4.0 machines, and to the diffusion of lean management principles (PortioliStaudacher & Tantardini, 2012) . Lean management leads to carry fewer and fewer inventories, but too few inventory can lead to the entire factory becoming idle. On the other hand, large volumes of stocks stored near the line hide problems, can generate interferences with the work of the operators and decrease safety. Therefore, the fundamental problem to be solved consists in how to bring each component to the line only at the moment it is needed and in the quantity it is needed. The introduction of decentralized storage areas, called supermarkets, gave the possibility to have frequent deliveries of small batches of components (Emde & Gendreau, 2017) . Supermarkets are located between the line and the central warehouse. Their objective, other than to reduce the refilling lead time, is to enable a change of stock keeping unit, from a full pallet to a bin or, ideally, to the single piece (Sali & Sahin, 2016) . Moreover, to foster the continuous improvement efforts aimed at reducing inventory level, the kanban card system can be adopted: the movement of stocks towards the line is authorized only when the parts are needed. Kanban is the Japanese word for card. A kanban is usually a piece of paper, contained in a rectangular vinyl envelope and attached to a parts container (Vatalaro & Taylor, 2005) . It is one of the popular lean techniques that is carried around the factory, either on its own or attached to components, by operators known as mizusumashi, which can be translated to whirligig or water spider (Monden, 2011) .
Following the current trend in literature, the areas, where kanban is applicable, are: Production; Refilling: Supply chain; Variations. But it is noticed that little study has been done on line refilling in comparison with the other three categories. This is one of the reasons that made it become the focus of this research. The dimensioning of this kind of refilling system, albeit often carried out without adopting a specific technique, has recently attracted the attention of several researchers (Lolli et al., 2016; Sali & Sahin, 2016; Emde & Schneider, 2018) , keen to provide a comprehensive design methodology. This work fits in this last description, aiming at expanding some of the gaps found in the existing literature. The research questions of this paper are:
RQ1 How and to what extent does kanban sizing improve the performance of assembly line feeding system?

RQ2 Is the proposed algorithm giving better performances than similar existing ones?
To answer these research questions, a discrete event simulation model is created in order to strengthen the bond between the developed methodology and real life. Recently, there are few studies (Roukya et al., 2019) where simulation along with optimization is proved to be efficient than other methods. Therefore, in conjunction, a meta-heuristic algorithm is written to find the values of each variable that minimizes the total cost function. This methodology is also tested through its application to the real case of a manufacturing company.
The remainder of this paper is organized as follows. Section 2 states theoretical background as well as methodology. Section 3 then outlines the simulation model followed by the algorithm. The results of the hybrid model to practical applications are presented in Section 4. Finally, the paper concludes with Section 5, where a discussion on future research directions is provided.
Theoretical background and Methodology
The line refilling is one of the major areas where kanban is extensively used. But the majority of this category's researches are quantitative. One of the reasons for the small number of theoretical papers could be the fact that this field uses many concepts, such as kanban, which have already been treated extensively in the traditional literature. The upcoming section presents a glimpse on different aspects of this topic.
Theoretical background
The central aspect in dimensioning a kanban system is the determination of the number of cards. The formula used by Toyota Motor Corporation to determine the number of kanban is called Toyota formula (Sugimori et al., 1977) :
where, = number of kanban; = demand per unit of time;
= waiting time of one kanban; = processing time of one kanban; = container capacity (not more than 10% of daily demand); ∝ = safety factor. It is policy variable (although < 10%).
Despite the fact that it was created for the production system, it has also been used to solve the feeding dimensioning problem (Faccio et al., 2015; Faccio et al., 2013a; Faccio et al., 2013b) . In the context of internal logistics however, its usage is limited by the fact that the optimal number of kanban solves only the trade-off between inventory and shortage costs, without considering a further cost item that is, handling costs (Lolli et al., 2016) . Moreover, the parameters used are functions of other decision variables or other parameters (Faccio et al., 2013a) , such as the number of water spiders. Water spider is an essential component required for line filling. Water spiders can operate according to either a fixed quantity, variable time (Lolli et al., 2016) or a fixed time, variable quantity policy (Hanson & Finnsgard, 2014) . These two systems correspond respectively to the reorder point and periodic review policies (Monden, 2011) found in the traditional logistics literature. For an overview of the pros and cons of each solution, the reader may refer to Ballou (2004) . This research utilizes the fixed time, variable quantity solution and does not investigate the differences with the other policy. This could however be the subject of future research.
There are many quantitative methods, which are used for solving line feeding problems. Simulation, while being the most used modelling approach in literature about production (Kumar & Panneerselvam, 2007; Hao & Shen, 2008) , has not been taken in great consideration. Lolli et al. (2016) modelled the system using the queue theory; simulation is then used to find the most cost effective solution, in terms of minimum number of water spiders required to avoid stock-out. Faccio et al. (2013b) created a procedure that first computes analytically the number of water spiders and kanban and then, through simulation, establishes the best delivery frequency. Moreover, one of the conclusions of the aforementioned research is that the high impact of the short-term loading variables like the tow train capacity and the refilling interval demonstrates that use of an analytical approach alone may be unable to obtain reliable results. This is one of the reasons that led to the adoption of a simulation model for this research. Emde et al. (2012) , Emde and Boysen (2012a) and Emde and Boysen (2012b) created a framework for the design of a supermarket-based refilling system and then tackled four different problems in one of the three articles (Emde and Boysen (2012a) -problem 1, the decision regarding the number and the location of supermarkets; Emde and Boysen (2012b)-problems 2 and 3, vehicle and inventory routing; Emde et al. (2012) -problem 4, short-term loading).
Location of supermarkets had already been treated by Battini et al. (2009) , who created a two-tier framework to jointly decide about the decentralization of parts' inventory and how they are fed to the line. A similar work has been done in Battini et al. (2010) , where the choice is extended at each component's level. Caputo and Pelagagge (2011) arrived to a similar conclusion, stating that adopting the same feeding policy for all components may not be the most cost effective solution. The comparison of different feeding policies has been relatively well covered. Limere et al. (2012) proposed a mathematical model to help with the investigation and the selection of the best one. Golz et al. (2012) compared traditional kanban feeding with custom-scheduled tours: their solution performed slightly better than traditional kanban refilling, although being worse in terms of computational time. Sali et al. (2015) deepened the comparison with the addition of sequenced bins, which guarantee the best cost performance when dealing with large items and high component diversity. Faccio (2014) investigated the breakeven points of different feeding policies according to the variations in production mix. Savino and Mazza (2015) investigated the implications of the line's layout on the refilling procedure, concluding that O-shaped layouts would require a lower amount of components' stocks to function. Faccio et al. (2013a) , utilizing a cost minimization model, demonstrated how the application of the classical kanban number calculation (e.g. using the Toyota formula) can be unable to bring about substantial results without an integrated approach. Moreover, they advised for further research on the supermarket topic, since it is regarded as an emerging research topic. Faccio et al. (2015) devised an analytical cost model with the novelty of distinguishing among parts and assembly lines, overcoming the simplifying hypothesis assuming a constant lead time for all parts. Mathematical models are very used as well. Choi and Lee (2002) combined one with an algorithm in order to generate the optimal refilling schedules for an automotive assembly line. Satoglu and Sahin (2013) created a mathematical model to bring components to the line. This solution includes the pre-determination of the quantities to be shipped in each tour. A real case application is also shown and the most noticeable impact is the considerable reduction of the time the line is idle, waiting because of a shortage. Finally, also queue theory can be used to solve this kind of issue: Gamberini et al. (2013) modelled the system using this technique and then based their solving approach on the application of the Erlang-C function, computing the probability that a kanban had to wait before refilling.
Different articles used different variables in order to assess the performance of line feeding systems. Among the variables, the number of kanban and number of water spiders are included into this work because of their almost universal utilization in literature. Service level has not been picked since it is considered as a performance measure. This is done to potentially increase the scope of application of the model: in a scenario where all costs have similar values, it may be useful to evaluate the trade-off between stock-out allowed and (handling + inventory) costs. Refilling interval, as used by Faccio et al. (2013b) , is defined as the minimum interval between a vehicle trip and the following one. Therefore, for analytical purposes it can be seen as a consequence of number of water spiders.
One of the novelty items of this research is the consideration of kanban size alongside number of kanban, which has never been done in feeding literature, although suggested by Battini et al. (2015) .
It can also be seen how it is fairly standard in literature to consider the three measures: inventory cost, stock-out cost and handling cost. Some articles do not contemplate the possibility of stock-out (service level must be 100%) and thus do not need to measure stock-out costs. The only one that proposed a different classification is Faccio et al. (2013b) , who uses jointly workstation utilization and number of tours/day to represent handling costs. It can be assumed that the reason behind this choice is the desire to measure performances independently from monetary values. This hypothesis is backed by the fact that also the other two measures are considered as quantities. Since one of the novelty items of this research is the consideration of the dimensions of intra-station buffer as parameters, it becomes necessary to introduce a new performance measure: the WIP cost. Just as in refill literature, inventory and stock-out costs are the most popular. A larger overview on this aspect is given by Kumar and Panneerselvam (2007) . Their conclusions are represented in Fig. 1 , where measures have been clustered in categories created in order to facilitate the comparison with refill literature. First of all, it's immediately possible to notice how the use of inventory and stock-out costs is widespread. Two measures are exclusive of this field of research, set-up time and earliness. The latter, in accordance with JIT principles, can be seen as the dual of stock-out costs. Moreover, according to Ohno (1988) , parts arriving earlier than needed go against the principles of waste elimination. In any case, one can conclude that their usage is only case-specific, given the very few number of times they've been utilized. Moreover, recently Emde and Schneider (2018) pointed out that companies are more focusing on just-in-time solution rather than keeping the inventory for a longer period. They proposed a solution to this problem by building a mathematical model whose objective is to reduce the number of vehicles and total route duration. But they assumed that the service times at the stations or refilling time are independent of the number of bins. To the best of our knowledge, there is no study which considered the dependency of the refilling time on the number of bins. In view of this statement, this study considers that refilling time depends on the number of bins. The methodology used in this paper is discussed in the next section.
Methodology
As mentioned previously, simulation is chosen to solve this problem for two main reasons: it is the most used in production literature; Kumar and Panneerselvam (2007) , Hao and Shen (2008) , Faccio et al. (2013b) concluded that the sole analytic approach may be unable to obtain reliable results. In particular, discrete-event simulation (DES) is adopted as the method of choice. Examples exist in JIT-kanban literature that support this choice. For instance Albino et al. (1995) used DES to validate their Markovian model. Another case of DES application to simulate a production line is given by Hao and Shen (2008) . The approach followed in this research pairs the discrete event simulation with a meta-heuristic search algorithm, what is described as a hybrid technique (Aghajani et al., 2016) . Heuristic algorithms are methods used to find a solution to complex problems: they sacrifice the guarantee of finding optimal solutions for the sake of getting good solutions in a significantly reduced amount of time. Meta-heuristics are an evolution of these algorithms, since they combine the basics of traditional heuristics with higher level frameworks that are able to guide the search and make more efficient the exploration of the solutions' space (Blum & Roli, 2003 , Toncovicha et al., 2019 . In JIT-kanban literature, the usage of said algorithms to solve complex problems is quite widespread: some examples are in Widyadana et al. (2010) and Houand Hu (2011). Hybrid approaches have also been used to dimension productive systems (Bowden et al., 1996) ; Azadeh et al., 2010; Aghajani et al., 2016; Rouky et al., 2019) . The most widely used algorithms for meta-heuristic optimization are genetic algorithm (GA), tabu search (TS) and simulated annealing (SA) (Kumar and Panneerselvam, 2007) . A relatively new method, particle swarm optimization (PSO), is starting to be used also in the JIT-kanban field, as can be seen in Aghajani et al. (2016) and Cao and Li (2013) . PSO was first introduced by Eberhart and Kennedy (1995) . It is based on socio-psychological principles: a population of particles that, interacting between each other, improves the problem's solution over time (Kennedy, 2011; Pradeepmon et al., 2018) . Aghajani et al. (2016) compared the performance of PSO and SA: their findings show that PSO is able to reach solutions closer to the optimum than SA's and thus is better suited for large problems. This reason, combined with its novelty in comparison with other methods, led to the choice of PSO for this work. While the algorithm in this research is written without following a specific piece of code, the two formulas used to update particles are the ones that Kennedy (2011) described as the most common type of implementation. The values of the two parameters are chosen in order to keep particles under control, in accordance with the findings in Clerc and Kennedy (2002) . Originally, in fact, the particle swarm needed the imposition of a maximum velocity, so that particles would not assume unrealistic values. This has been made unnecessary by properly tuning the two aforementioned parameters (Kennedy, 2011) . Looking at the population, two main types of PSO exist: gbest and lbest. The former considers each particle as linked with all the other ones, while in the latter each particle has its own different neighbourhood (Eberhart and Kennedy, 1995) . Because of the way it's built, the gbest can be prone to end up in a local optimum. On the other hand, the lbest spreads slower, but sub-populations may search diverse regions of the search space in parallel. This increases the probability to end up near the global optimum (Kennedy, 2011) . Because of this reason, lbest is chosen for this research. Finally, the number of particles is set in accordance with the range [10; 100] defined by Kennedy (2011) ; after a series of trials, it is found that a population of size 40 would yield the highest performance in terms of speed of convergence to the solution.
Simulation model and algorithm
In this section, simulation model is described followed by the algorithm.
Simulation Model
Assumptions
For the model to be considered valid, the following assumptions must be made.
1. Kanbans are considered empty according to the bottom of container rule, meaning that the kanban card is made available for the water spider's pick-up as soon as the container is emptied. This solution is chosen as it represents a good trade-off between the system's inventory level and the possibility of visually controlling stocks (Vatalaro & Taylor, 2005) .
2. The line is divided into independent blocks; each block is resupplied independently from the others. A similar assumption is used in Emde and Boysen (2012b) .
3. Congestion (in terms of traffic of operators) is not an issue in the factory. This is coherent with most of the articles in literature, since they do not mention this issue.
4. The assembly operator sees that the container is empty only when collecting a new component (Hobbs, 2003) .
5. Express kanban are prioritized according to the order the water spider encounters them. This aspect is not mentioned in literature. It is however logical to assume that, in a situation of complete stock-out, components needed upstream are the most urgent, since without them the downstream stages would be idle anyway.
6. All service times are exponentially distributed, in order to reflect the fact that being late is much more probable than being early. This assumption is backed by a similar one done by Karmarkar and Kekre (1989) .
7. Collection/distribution of bins in the line can only be done by one water spider at a time. This assumption is needed for modelling purposes; as will be shown later though, it does not affect the optimality of the solution.
8. One kanban strictly corresponds to one bin. This assumption is the most common in refill literature (see for instance Lolli et al., 2016) .
9. Scrapped products are sent to a different station, where they are reworked and ultimately completed. This is an established practice in the manufacturing industry (Heng et al., 2017) .
10. The refilling time increases with decrease in the size of the bins. In this research, a smaller size bin implies that the water spider, each tour, will pick up more kanban. This produces an increment in service times. This assumption is also used by Lolli et al. (2016) : they stated that the water spider's service time depends on the number of kanban, while it's independent from the size of the SKU.
11. Water spiders circulate in the supermarket according to a traversal policy (Koster et al., 2007) .
The following is a list of all the notations used in this research.
Decisional variables
 nrkbpn = number of kanban for part n  nrws = number of water spiders  szbipn = size of the kanban for part n Parameters  bnpv = value of variable v in the best solution of particle p's neighbourhood  ppv = current value of variable v in particle p  vpv = current velocity of variable v in particle p
General Overview
This model is intended to simulate a mixed-model assembly line. In accordance with assumption number 2, the whole line can be seen as divided into blocks by buffers; each block is resupplied independently from the others, meaning that a water spider can serve only stations belonging to the same block. This plant has a central supermarket, where it is assumed congestion is not an issue, following assumption number 3; for instance, there are no interferences between water spiders when moving or retrieving components. Water spiders operate according to a fixed time, variable quantity policy. They move parts through a cart on wheels, by either pushing or pulling it. At each station, bins are put in inclined racks, made of two shelves: the top one is inclined towards the operator and receives full bins; the bottom one has instead the opposite inclination, facilitating the collection of empty ones (Faccio et al. 2013a; Battini et al., 2013) . The boxes are moved from the top to the bottom shelf by the operator, who notices the empty bin only when he is looking to retrieve a component from it (in accordance with assumption 4). It is also assumed that all assembly operations are already divided between stations in order to even the workload among all operators. The stations taken into consideration use eight components: for the sake of simplicity, they are identified by a number from 1 to 8. Two variants of the same product are assembled, differing only in the parts they are made of. Below is presented the composition of both variants; numbers represent the IDs of the components, while horizontal lines indicate a change of station.
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Algorithm
The size of the problem at hand leads to the decision to write a meta-heuristic algorithm. The other viable alternative is a full factorial approach (Lolli et al., 2016; Hou & Hu, 2011) . In the case presented in this research this would have meant performing billions of experiments. As explained in section 2, among the many meta-heuristic algorithms used in literature, the Particle Swarm Optimization (PSO) method is selected for this research. The PSO algorithm used in this work consists of 40 particles used to explore the n-dimensional space (where n is the number of the problem's variables) in order to find the optimal solution. Particles are organized in rows and columns. Each of them has 4 neighbours, following a von Neumann neighbourhood of range = 1 (Toffoli & Margolus, 1987) . In order to provide each particle with a neighbour, the population is wrapped in toroidal shape. Each particle is associated with a specific position in the n-dimensional space. This location changes each iteration, based both on the particle's speed and on the influence of its neighbours. The objective function through which each particle is evaluated is made up of the sum of all the relevant costs. Below a mock of the algorithm can be found, written in pseudo-code. 
Some clarification is needed on the unitary WIP cost. Focusing on cadded-stage1, which represents the items in the first buffer (between stations 1 and 2), the parameter can be seen as made up of two parts: the first is tied to the value of the components added in the stage, while the second represents the cost of the assembly operator during the cycle time required him to assemble the pieces. In order to represent the fact that multiple variants are being assembled on the same line, the first part of the formula accounts for the value of all the parts used by the operator, weighted accordingly with the production mix. The operator's cost is then multiplied by (0.0011/8), which is the average common hourly holding charge (Lolli et al., 2016) . The logic behind the computation of caddedstage2 is exactly the same, with of course a change in the component types.
Finally, cwip1 is obtained by adding the value of the piece coming from upstream, multiplied by the average common hourly holding charge, to cadded-stage1 previously computed. cwip2 is obtained similarly, but also including in the sum cwip1. Lastly, the number of kanban is checked again in conjunction with the corresponding kanban size, in order to prevent the number of parts to be higher than the limit.
The computation of the maximum number of water spiders allowed is based on three conditions:  Time spent in the line. Assumption 7 states that, due to the design of the model, no more than one water spider can be collecting or distributing bins in the line at the same time. Thus the maximum number of water spiders is given by timereq/tline. Given the time penalty applied for smaller sizes of the bins, as explained in section 3.1, the computation is done considering the worst case scenario, where every component's kanban size is the lowest available.  Distribution delay. Since only one block of this type is present in the model, all components have to leave before the parts carried by the next water spider arrive. The formulas are the same ones that define the service time in the distribution delay block, accounting for tlinebins, as well as tw/in and tb/in. Also in this case the worst case scenario is picked.  SMK blocks. Following the same principle as above, parts carried by different water spiders must not be mixed. The formula accounts for the whole tsmk; the result is divided by 10, which is the current number of SMK blocks in the model.
The application of the hybrid model to practical applications is discussed in the next section.
Practical applications
Source of the data
A lot of effort was put into searching the literature for sensible values for the main parameters. The main problem encountered was the fact that many articles that include practical cases omit purposefully either part or all of the data used as input. Moreover, talking about costs, some values were discarded because either outdated or in another currency with no time reference to track the exchange rate, and thus not completely comparable with the others. The ratio of the different costs has been used in order to allow for a better comparison between the different cases. Lolli et al. (2016) presented the mean daily stocks holding cost. Assuming one 8-hour shift per day, the cs (mean daily stocks holding cost) is computed by making the average of different components and dividing the result by both the number of working days per year and the number of daily working hours, both included in the text. The same procedure is applied to obtain csalaryws. Regarding cunitarybacklog, it is obtained by multiplying the average stock-out cost per component by the average number of components per product. The article provides the yearly stocks holding cost percentage, alongside the value of each of the components considered. Thus, cs is computed by multiplying the holding charge by the average value of components; the result is then divided by the number of working days in a year and by the number of working hours per day. csalaryws's computation is immediate, given that the yearly cost is included. In this case the cost of backlog, given the data available, has been computed as the margin lost because of the missed sale. First of all, for each of the product's variant the production cost is computed using both the bill of materials and the components' values. Then, cunitarybacklog is obtained by making the average, across all product variants, of the difference between the model's final price and its production cost. Lolli et al. (2016) used a service time that includes both refilling and travel times. This parameter is considered to be dependent only on the number of kanban carried by the water spider. The assumption that refilling time is the only one that changes was needed to compute the desired parameters. The authors provided a table with service times for incremental number of kanban. By computing the average difference between these values it is possible to obtain bin refilling time. To obtain the unitary value, the average SKU size is computed by dividing the coverage time of an inline SKU by the average part consumption rate. tsmktravel is instead found by subtracting this item from the lowest service time value. In article by Faccio (2015) , piece refilling time is computed by dividing the given bin refilling time by the average bin size, provided as well in the article. In order to compute tsmktravel, the only useful element provided is the total distance travelled by a water spider during a complete tour. Assuming that the length of the path within the supermarket is half of the total, tsmktravel is found by dividing it by the water spider's speed. The computation of Piece refilling time used in the article by Faccio (2013a) is the same used in Faccio (2015) . The computation of tsmktravel is more elaborate, having at disposal only the total distance travelled and a scaled picture of the water spider's route. The ratio between the part of the route in the supermarket and the one outside is obtained by counting the length of the paths in the image, using pixels as the unit of measure. With the ratio and the total length in meters, it is easy to obtain the length of the supermarket path and ultimately tsmktravel, dividing it by the speed of the water spider. For the detailed data, the readers are referred to the articles by Lolli et al. (2016) and Faccio (2015) . Three experimental factors, kanban size, number of water spiders and trflvar are chosen. The experimental design is shown in Table 1 . Range 5, 10, 15, 20, 25, 30, 35, 40, 45, 50 2, 3, 4, 5 2, 4, 5 Considering all the possible combinations of different experimental factors, the total number of experiments considered in this paper is 120. The performance measure used here is the inventory or stock levels. After initial testing, the size of the swarm is set at 40 particles and the number of iterations is fixed to 150. During each iteration, particles explore the space, taking into account also the position of each of their neighbours. Their objective is to minimize the total cost function, which includes the costs of inventory, stock-out, handling and work in process. The simulation is run for a period of 7200 seconds with warmup period of 253 seconds. Each scenario is replicated for 40 times in order to obtain more generalised results. The results are discussed in the next section.
Results
The goal of this section is to show the functioning of the proposed algorithm: how it balances between the values of the different variables in order to pursue the optimal solution. First of all, the trade-off between kanban size (trflvar) and kanban number is considered. Unitary kanban size would be the ideal solution, since it allows for higher sensitivity. In a real life scenario though, this solution presents some problems, which are not easily quantifiable, and in particular very high number of kanbans (and containers) to manage. As explained in assumption 10, this research locates this complexity in the refilling of the bins in the supermarket.
In the interest of investigating the pattern of this trade-off, the best solution for each size of the kanban has been computed for different sizes of the penalty: that is for different values of trflvar. In this work best solution is the one with the lowest inventory level that manages to avoid stock-out. For the sake of better highlighting the difference between the different solutions, the same kanban size is used for every component. The graph below presents the results of this analysis. Please notice that the axis values represent the reduction of the inventory level in comparison with the base case, the one with kanban size of 50 pieces. For further clarity, all the mentions of inventory level, or stocks level, in this section refer to the maximum number of stocks in the system.
Fig. 2.
Reduction in stocks level changing kanban size, for different values of trflvar (here simply called trf ). The key conclusion that can be deduced from the Fig. 2 is that, increasing trflvar (and thus the penalty), the kanban size of the best solution increases. It is possible to notice how the system seems to work better with a trflvar of 4, since water spiders' saturation is higher and there is also the biggest savings in terms of stocks. The first part represents the fact that, increasing trflvar from 4 to 5, it is necessary to add another water spider to the system, thus reducing the overall saturation. Since with trflvar= 4 there are more stocks in the system than with trflvar=2, it is plausible that also the number of stocks reduced will be higher in the first scenario. Considering instead trflvar= 5, a possible explanation may be given by the fact that the overall refilling time is so big that it prevents a further reduction of the inventory level. The second tradeoff in the determination of the best solution is the one between level of stocks and number of water spiders. Intuitively, a higher number of water spiders should allow the system to work with a reduced number of stocks. Figs. (3-5) . It is noticeable how, the larger the kanban, the lower is the difference between the curves. This behaviour can be explained with the fact that large kanban imply less flexibility in the reduction of inventory level, since the removal of even one kanban can have a big impact on the system. The following graphs contain the same results just presented, but organized in order to compare different values of trflvar. As expected, Figs. (6-8) confirm the fact that higher scenarios with higher refilling time require more stocks to function properly. Moreover, as noticed changing the number of water spiders, the reduction in the level of stocks, when reducing the refilling time, is lower in scenarios that feature larger kanban sizes. It is noticeable the fact that, the lower trflvar, the higher is the impact of adding or removing a water spider to the system. An explanation could be the fact that the change in water spider has a bigger impact in systems with a lower inventory level which, as shown above, is directly correlated with the entity of the refilling time. The last set of experiments of this section is conducted focusing on the parameter buffer size, which is a novelty item of this work, since no similar article has dealt with it before. The objective here is to understand if and how the size of buffers influences the design of the refilling system. In order to do this, the parameter in question has been varied in conjunction with the proposed variables. As done (trf=5) before, the best solution in each scenario has been chosen as the one with the lowest inventory level that manages to avoid stockout (and thus has a value of the objective function comparable with the other ones). Fig. 9 shows the results obtained when acting on the number of water spiders.
Fig. 9. Inventory level for different buffer sizes and number of water spiders
Besides the reduction in inventory obtained when passing from two to three water spiders, the size of the buffer seems to have no impact at all on the behaviour of the objective function. The same conclusion can be reached when looking at the way inventory level changes, when both buffer size and kanban size are modified. ANOVA is performed on several parameters in order to understand their significance and their impact on the total cost function. The usage of this methodology is quite common in literature: a nice example of its application is found in Battini et al. (2009) . This work's ANOVA has been created trying to include as many parameters that were considered by Battini et al. (2009) as possible. Results show that the two with the biggest influence are the capacity of the cart and the length of the supermarket's aisles. The width of the supermarket and its distance from the line are also found to have a moderate impact on the cost function. The ANOVA supports what is already seen in Fig. 9 : the size of the buffer has a very small impact on the objective function, and thus on the variables' values.
Real case application
The methodology described in this research has also been applied to a real life scenario. More specifically, the subject of the project is a part of the assembly line of a manufacturing company. The company is a leading group operating internationally in the oil and gas industry by designing, manufacturing and marketing components, systems and services for the regulation and measurement of natural gas. It aims to create technologically advanced solutions for the extraction, storing, distribution and use of natural gas, directing its research towards the total coverage of both industrial and domestic customers' needs and encouraging a clean and safe type of energy.
The layout of the assembly line is the one used to describe the model in section 3. Table 2 presents the values of all the relevant case parameters. Table 3 shows instead the value of decisional variables in the as-is scenario. The algorithm is then configured and run for 150 iterations in order to obtain the optimum value. The simulation is run for a period of 7200 seconds with warmup period of 253 seconds. Each scenario is replicated for 40 times in order to obtain more generalised results. Table 4 shows the new values of decisional variables, as found by the algorithm. Out of the four performance measures used by the algorithm, only the number of water spiders and the stocks level are selected for this comparison. Stock-out has not been used because the company prefers to avoid it, given the large implications on the rest of the system (this is why, in the model, a very high cunitarybacklog is adopted). The cost of work in process instead is not considered simply because the company did not want to evaluate the possibility of changing the buffers' size. Table 5 presents the comparison of the two aforementioned solutions. The new solution is thus a significant improvement over the as-is scenario, since it allows the company to maintain the same performance level (most importantly in terms of production rate and stock-out avoidance), while reducing both the level of stocks in the system and the number of operators needed for the refilling procedure.
To further test the methodology presented in this research, two similar sizing methods previously presented in literature have also been applied to the above mentioned real case: Gamberini et al. (2013) and Faccio et al. (2013a) . The main driver for the choice of these methods is the simplicity of application to the case.
What follows is a brief recap of the computations made in the two cases in order to find the values of the variables. Please note that, in the reported formulas, the notation of certain items is changed in order to reflect the one used in this work.
 In Gamberini et al. (2013) , the emptying time of each SKU is computed, considering the each component's consumption rate and the size of the kanban. About the latter, since this method does not include the computation of the best Kanban size, several values were tested to see which one guaranteed the best performance. The emptying time allows computing the hourly consumption of kanban, which is used to obtain the number of refilling requests for each component. The number of kanban for each component is chosen in order to minimize what Gamberini et al. (2013) call limit in the waiting time (LWT), which has the following formula:
where is simply the emptying time of an SKU multiplied by nrkbpn. Afterwards, by using the Erlang-C function (which was computed via the open access software found at http://wwwens.iro.umontreal.ca/~chanwyea/erlang/erlangC.html), it is possible to find which is the smallest number of water spiders required in order to respect the minimum LWT.
 In Faccio et al. (2013a) , the number of kanban for each component is obtained through the following formula: *
The size of the safety stocks depends directly on the service level, which is a variable of this model. As in the previous case, the dimension of each kanban is selected by evaluating different possible values, since the article considers this element as a parameter.
A cost function is then built, incorporating the cost of stocks, stock-out and handling. Then, using Microsoft Excel's solver it is possible to find the service level and the number of water spiders that minimize the total cost function. Table 6 summarizes the different solutions obtained. It is then possible to compare each of these solutions to the one found by the algorithm proposed in this paper.
Table 7
Difference in performance measures between Gamberini et al. (2013) Gamberini et al. (2013) method gives a slightly higher level of inventory, but a much higher number of water spider. The main reason for this is probably the usage of the Erlang-C function to determine the value of this variable, which leads to an excessive approximation and thus a sub-optimal solution. Faccio et al. (2013a) gives a solution with the same number of water spiders, but about 40% higher level of Inventory. This can be due, among other things, to the fact that uses the same kanban size for all the components.
It is possible to notice how all three methods tested are improving over the as-is situation. Looking at tables 7 and 8 it is possible to conclude that the solution found through the algorithm presented in this work represents the best one. Considering the level of stocks, a key advantage of the method proposed in this work is the ability to act on both of the factors that influence it, number of kanban and kanban size. This means that the algorithm has more room to work with and thus is able to find, for each scenario, a more tailor-made solution.
Other possible applications
Throughout this work, there have been several chances to underline the flexibility of the proposed model's design. This feature is thought in order to allow the application to a variety of scenarios. For instance, one of the possible extensions of its field of use is the so-called industry 4.0. The term industry 4.0 groups all the innovations that have or will take place because of the advanced digitalization of factories (Lasi et al., 2014) .
Regarding the field treated in this work, advances in technology have enabled the substitution of the operator-cart combination with Automated Guided Vehicles (AGVs) (Cao & Lin, 2014; Kesen & Baykoc, 2007) , in order to increase the efficiency of handling operations (Chen et al., 2009) . They are used in conjunction with sensors that constantly monitor the level of stocks, which helps maintaining a low inventory level (Sanders et al., 2016) . Industrial wireless networks are often in place to guarantee information exchange between these vehicles and the rest of the factory (Yue et al., 2015) .
The study of an AGV system can be quite complex, considering also the fact that they are governed by dispatching rules: simulation can be very useful in these cases (Kesen & Baykoc, 2007) . Moreover, the material logistics apparatus can be seen as a sophisticated discrete event system (Chen et al., 2009 ).
Another aspect worth considering is the fact that automated refilling systems have fewer possible sources of variation; this means that a simulation model will require a smaller amount of assumptions to be able to faithfully reproduce its real counterpart.
These statements back the usage of the model presented in this work for the purposes of representing an AGV feeding system. Simpler cases may be even modelled right off the bat, just considering the water spiders as AGVs and, of course, changing accordingly the cost values. On the other hand, complex scenarios, such as the ones featuring a centralized dispatching system, may require a couple of intuitive modifications to the model.
A particularly fitting aspect of this work's model is the penalty for small bins (assumption 10). In this case, small bins would imply an even bigger cycle time given the fact that, unlike humans, many AGVs are not able to retrieve or release more than one bin at a time. A partial exception to this statement is the mechanism found in Emde et al. (2012) : thanks to the peculiar way of releasing bins through elastic springs, multiple bins can be unloaded simultaneously. At the same time though, the loading time is increased, since the operator must also pay attention to the order bins are put on the cart. In any case, the proposed model is able to adapt to every type of vehicle, given the usage of two separate parameters for the time needed to handle one bin in the line and in the supermarket.
Conclusions and further research
This work proposes a new method to size a kanban-based feeding system for a mixed-model assembly line. The most significant contribution of this work to the research field is certainly the joint analysis of the number and dimension of kanban for each component and the study of the corresponding trade-off. Another addition is the evaluation of the impact of the size of inter-station buffers on the design of the refilling system.
The methodology selected for this work is a so-called hybrid approach, which combines a model, used to simulate the real life scenario, and a meta-heuristic algorithm to explore the solutions space and find the best values for each decisional variable. A discrete-event simulation is used: the software used to create and run the model is Mathworks Simulink. The algorithm has been written in MATLAB code, in order to simplify the integration with the model. Specifically, a Particle Swarm Optimization algorithm is chosen, mainly because of better reported performances in comparison with other meta-heuristic techniques. After some testing, the size of the swarm is set at 40 particles and the number of iterations at 150. During each iteration, particles explore the space, taking into account also the position of each of their neighbours. Their objective is to minimize the total cost function, which includes the costs of inventory, stock-out, handling and work in process. The simulation is run for a period of 7200 seconds with warmup period of 253 seconds. Each scenario is replicated for 40 times in order to obtain more generalised results. In order to evaluate the significance of each of the decisional variables chosen, different experiments are performed. Each parameter is set to vary within a specific range, obtained by researching the values found in literature. The results show how the trade-off between number of kanban and kanban size behaves in different scenarios. Moreover, a similar analysis is conducted for the buffer size parameter, given the fact that this work is the only research of its kind to mention it. The behaviour of the system is investigated while varying the parameter in question and, in turn, the decisional variables.
Results show that buffer size has only very little influence on the design of the system.
ANOVA is used to understand the parameters with the highest impact on the objective function. Several factors are considered: results show that the two with the biggest influence are the capacity of the cart and the length of the supermarket's aisles. A correspondence has also been shown with the conclusions obtained by Battini et al. (2009) . The width of the supermarket and its distance from the line are also found to have a moderate impact on the cost function. Moreover, the result for buffer size is found to be in line with the one of the sensitivity analysis.
Furthermore, the methodology explained in this research has been tested by applying it to a real life scenario. In order to widen the scope of experiment, the same problem is also solved through the methods proposed in two similar works. Two performance measures are used to compare solutions, total number of stocks in the system and number of water spiders, since they are two of the most used metrics in literature. First of all, all solutions proved to be better than the as-is situation. The methodology proposed in this work is then shown to be the best one, outmatching both of its competitors in all the performance measures.
Finally, a brief study is conducted in order to understand if the model could fit a scenario based on the industry 4.0 paradigm. Looking at a selection of articles on the refilling subject, the conclusion is that there isn't much difference between the solutions utilized in those researches and the one proposed in this work.
